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Genomic Selection for Quantitative Adult Plant
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Abstract

Quantfitative adult plant resistance (APR) to stem rust (Puccinia
graminis f. sp. frifici) is an important breeding farget in wheat
Triticum aestivum L) and a potential target for genomic selection
(GS). To evaluate the relative importance of known APR loci in
applying GS, we characterized a set of CIMMYT germplasm
af imporfant APR loci and on a genome-wide profile using
genotyping-by-sequencing (GBS]. Using this germplasm, we
describe the genetfic architecture and evaluate prediction
models for APR using data from the international Ug99 stem rust
screening nurseries. Prediction models incorporating markers
linked to important APR loci and seedling phenotype scores as
fixed effects were evaluated along with the classic prediction
models: Multiple linear regression [MLR), Genomic best linear
unbiased prediction (G-BLUP), Bayesian lasso (BL], and Bayes
Cr (BCn). We found the Sr2 region to play an important role in
APR in this germplasm. A model using Sr2 linked markers as fixed
effects in G-BLUP was more accurate than MIR with Sr2 linked
markers (p-value = 0.12), and ordinary G-BLUP (p-value = 0.15).
Incorporating seedling phenofype information as fixed effects in
G-BLUP did not consistently increase accuracy. Overall, levels of
prediction accuracy found in this study indicate that GS can be
effectively applied to improve stem rust APR in this germplasm,
and if genotypes at Sr2 linked markers are available, modeling
these genotypes as fixed effects could lead fo better predictions.
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STEM RUST is a globally widespread and highly dam-
aging disease of wheat, capable of causing up to
100% yield losses in susceptible varieties (Park, 2007).
After adoption of resistant varieties during the 1950s,
outbreaks of stem rust became rare. However, the recent
emergence of a new stem rust race group named Ug99
(Pretorius et al., 2000) capable of infecting the major-
ity of the worlds” wheat germplasm (Singh et al., 2006),
has highlighted the need for breeding efforts focused on
durable stem rust resistance.

Resistance to stem rust generally falls into two
categories: (i) all stage resistance, which is often
conferred by race-specific genes involved in pathogen
recognition and associated with a hypersensitive
response, and (ii) slow rusting APR, which is quantitative
resistance often conferred by multiple loci, and is not
associated with a hypersensitive response. Quantitative
resistance is usually considered more durable than that
conferred by pathogen recognition genes (Parlevliet,
2002); however, it must be improved over multiple cycles
of selection using well-managed screening nurseries for
evaluation.
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Genomic selection (Meuwissen et al., 2001; reviewed
by Lorenz et al., 2011, and Hefner et al., 2009) is breeding
technology that may increase rates of genetic gain for
quantitative traits. With GS, a genomic prediction
model is used to predict breeding values of selection
candidates, and selections are made based on these
predictions. A model training population consisting of
relevant individuals that have been both genotyped and
phenotyped is used to calibrate the prediction model.

Various genomic prediction models have been
developed. Models differ according to how markers
of different effect sizes are treated. Genomic best
linear unbiased prediction (Bernardo, 1994; Piepho,
2009) treats markers homogenously, whereas Bayesian
methods such as BL (Park and Casella, 2008) and BCn
(Habier et al., 2011) treat markers of different effect sizes
heterogeneously. Such methods are expected to better
model traits with large-effect quantitative trait loci (QTL).

Because moderate effect genes, such as Sr2 and
Lr34, also known as Sr57, are known to be involved in
stem rust APR (Sunderwirth and Roelfs, 1980; Dyck,
1987; Singh et al., 2012), prediction models that attempt
to realistically model these loci may be more accurate
than a standard G-BLUP model. Markers linked to
these loci could be predictive alone or modeled as fixed
effects in combination with genome-wide markers.
Similarly, seedling resistance phenotypes, which are
often collected in addition to APR, could be useful fixed-
effects predictor variables. The objective of this study was
to compare prediction models for stem rust APR and
to determine if explicitly modeling large-effect loci or
seedling phenotypes as fixed effects in a G-BLUP model
could lead to higher accuracies than those achieved with
G-BLUP or Bayesian models.

Materials and Methods
Phenotypic Data

Adult Plant Stage

Three hundred sixty five advanced CIMMYT breeding
lines were used in all analyses. Quantitative stem rust
APR was phenotyped at the international Ug99 stem rust
screening nurseries: Kenya Agricultural Research Insti-
tute, Njoro, Kenya, and the Ethiopian Institute of Agricul-
tural Research, Debre Zeit, Ethiopia, between 2007 and
2012, as described in Yu et al. (2011). Data was from 12
environments (location and season combinations), three of
which were at Debre Zeit. Kingbird and PBW343 served as
moderately resistant and moderately susceptible check cul-
tivars. Each breeding line, excluding the checks, appeared
in approximately four of the 12 environments, and
appeared only once per environment. Each plot consisted
of two 70 cm rows spaced 30 cm apart. Disease severity
was measured visually on a modified Cobb scale (Peterson
et al,, 1948). Measurements were taken between the early
and late dough stage and a week to 10 d later. Phenotypic
distributions within environments are shown in Fig. 1. A

Box-Cox transformation was applied before all analyses
(Box and Cox, 1964) to avoid nonnormal residuals.

Seedling Stage

Lines were evaluated at the seedling stage for reaction

to Ug99 stem rust race TTKSK, isolate 04KEN156/04,

at the USDA-ARS Cereal Disease Laboratory using cool
and normal post-inoculation temperature treatments.
Seedlings were inoculated as in Jin et al. (2007) and then
placed in a growth chamber with a 14 h photoperiod at
18°C day and 15°C night for the cool treatment and 22°C
day and 19°C night for the normal treatment. Seedling
evaluations at both cool and normal treatments were
replicated twice. Infection types on a zero to four scale as
in Stakman et al. (1962) were recorded 14 d postinocu-
lation and then converted into a numerical value from
zero to nine as described by Zhang et al. (2011). Stakman
infection types > 3 were considered high infection types.
Infection type ;" describes the observation of visible
chlorotic spots associated with hypersensitive resistance.
When multiple infection types were observed on a single
leaf, all infection types were recorded starting with the
most commonly observed infection type.

Heritability Estimation

Broad sense heritability (H?) on a line mean basis was
calculated according to Hallauer et al. (2010). Variance
components were estimated in R v. 3.0.1 (R Development
Core Team, 2010) using the package Ime4 (Bates and
Maechler, 2010).

Genotypic Data

Genome-Wide Genotyping

Genotyping-by-sequencing (Elshire et al., 2011) was used
to generate genome-wide markers according to the pro-
tocol described in Poland et al. (2012a). A total of 27,434
polymorphisms were detected. Missing data were imputed
using random forest imputation described in Poland et al.
(2012b) as recommended by Rutkoski et al. (2013). Mark-
ers with >50% missing data were removed and a set of
nonredundant GBS markers with pairwise #? values < 0.8
were selected (Carlson et al., 2004), leaving 4040 markers.

Loci Targeted Genotyping

Markers targeted to Sr2 and Lr34 were genotyped using
sequence tagged site (STS), simple sequence repeat, and
KASPar (www.lgcgenomics.com) assays. All KASPar assays
were run at the Eastern Regional Small Grains Genotyping
Laboratory, Raleigh, NC. For L34, two gene based KASPar
assays were used to determine presence or absence of the
resistance allele based on sequence polymorphism reported
by Lagudah et al. (2009). The STS marker ¢sLV34 (Lagudah
etal,, 2006), 0.4 cM from Lr34, was also assayed. For Sr2,
the simple sequence repeat marker gwm533 (Spielmeyer et
al,, 2003), the STS marker ¢sSr2 (Mago et al., 2011), and a
KASPar assay based on the polymorphism targeted by csSr2
(referred to as csSr2_KASPar) were used.
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Figure 1. Phenotypic distributions of stem rust severity within each environment. OS, off-season; MS, main-season.

Genotypic Value Estimation

The R package rrBLUP (Endelman, 2011) was used to cal-
culate the restricted maximum likelihood (REML) solu-
tions for the mixed model

Y=XPp+Zu+e

where Y is the vector of phenotypes, f is the vector of
environment effects treated as fixed, u is the vector of
genotype effects treated as random, X and Z are the
design matrices relating p and u to the observations in
Y, and € is the vector of residual errors. Genetic values,
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u, were deregressed according to Garrick et al. (2009).
Deregressed genetic values, Y., were calculated as

u
Yov = —pgv
1- 2
g

u

where o is the genetic variance and PEV is a vector

of prediction error variances. Solutions for both o2

and PEV were returned from the mixed model fit

using rrBLUP. Deregressed genetic values, Y, were
used to validate prediction models. Deregression was
appropriate because individuals had different numbers
of observations. Genetic values for individuals with few
observations are shrunk more towards zero than genetic
values of individuals with many observations.

Genome-Wide Association

Genome-wide association was performed using a mixed
model accounting for kinship (Yu et al., 2006). Accord-
ing to Kang et al. (2010), variance components were esti-
mated once by fitting the mixed model:
Y=XB+Zu+e
Var(u)=Go? and Var(e)=1Io? . I is an identity matrix
and G is a marker relationship matrix which was
calculated according to VanRaden (2008), implemented
in the R package GAPIT (Lipka et al., 2012). For each
marker k with MAF > 0.05, a total of 3903 markers, we
estimated its effect B, and F-statistic, testing the null
hypothesis that , = 0, in the model:

Y=XB+B,X,+m
3, is the effect of marker k, X, is the marker genotype

matrix of marker k, and Var(n) = 82ZGZ' +6°1. One
thousand permutations (Churchill and Doerge, 1994)
were used to calculate the p-value significance threshold
at an experimentwise o of 0.05.

Prediction Models

Fixed Effects Models

Two MLR methods were used, A and B. MLR A con-
sisted of a marker selection and marker effect estimation
step. Both marker selection and marker estimation were
performed within the model training set only. For vari-
able selection, p-values from a genome-wide association
analysis were used to rank markers. No kinship correc-
tion was used because markers that capture kinship are
useful for prediction within the population of interest,
even though they may not be linked to causative loci.
Then, for each iteration i through /, a marker was added
to the model:

Y., =108,+X83,..X0B +¢e

where 3 is the mean, 3, is the effect of marker i, and X,
is the marker genotype matrix of marker i. After each
iteration, the fivefold cross validation accuracy was
calculated within the training set and when Accuracy,

> Accuracy), the model with I - 1 markers was selected.
Predicted breeding values of an individual j were
calculated as

-1
)A/j = Bo + ZBi'xij

For MLR B, the marker selection step was done only
among the five markers linked to candidate genes.

Mixed Models

For G-BLUP (Bernardo, 1994; Piepho, 2009), breeding
values were predicted using the mixed model.

Y., =18,+Zu+e
u~N(0,G52)

where the solutions for u consist of the genomic
estimated breeding values. G-BLUP was implemented
using the R package rrBLUP (Endelman, 2011). G-BLUP
A was a version of G-BLUP that included selected
markers as fixed effects in the G-BLUP model and all
markers as random effects. By selecting markers as fixed
effects, we assume that each selected marker has a unique
variance. For fixed effect variable selection, p-values from
a genome-wide association analysis without structure
correction were used to rank markers, then for each
iteration i through I, a marker was added to the model

Y., =18,+X8,.X0,+Zu+e
u~N(0,G6?

for each iteration fivefold cross validation accuracy
within the training set was calculated. When Accuracy, ,
> Accuracy), the model with I - 1 fixed effect markers
was selected. Predicted breeding values of each
individual j were calculated as

-1
5’,’ :Bo +ZBi‘x1j +uj

For G-BLUP B, the fixed effect marker selection step was
done only among the five markers linked to candidate
genes. For G-BLUP T, the fixed effects were the seedling
phenotypes for the normal and cool treatments.

Bayesian Models
The general model for BL (Park and Casella, 2008) and
BCn was:

Y., =108,+XB+e

X is a design matrix for the markers, and 3 is a vector of m
marker effects. Predicted breeding values were estimated as:

5’j :60 +Zéix1j

For BL, the marginal prior of marker effects was a double
exponential (Pérez et al., 2010). Bayesian Lasso was
implemented in the R package BLR (de los Campos and
Perez Rodriguez, 2010). For BCnt (Habier et al., 2011), the
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prior for 3, depends on a common marker variance and
the prior probability, ©, that marker i has no effect. The
priors and prior parameters were as described in Habier
etal. (2011). BCnt was implemented in R using code
adapted from R.L. Fernando (personal communication,
2010). For both BL and BCr, a total of 60,000 iterations
were used and the first 20,000 were excluded as burn-in.

Prediction Model Accuracy Calculation

Prediction accuracies were calculated using 10-fold cross
validation. Cross validation folds were selected to be rep-
resentative samples using cluster assignment information
from hierarchical agglomerative clustering (Fraley and
Raftery, 2002) implemented using the R package ‘mclust’
(Fraley et al., 2012). One accuracy value was computed
for each model by computing the Pearson’s correlation

(r) between the deregressed genetic values Y, and the
predicted breeding values. Accuracies were computed
using two different marker sets: GBS markers only, and
all available markers. In addition to accuracy, Spearman’s
rank correlations between the estimated breeding values
for all possible pairs of prediction models was computed
to compare prediction model outcomes.

Significance Testing among Prediction

Model Accuracies

Statistical significance between prediction model accura-
cies was determined using paired, two-sided f tests per-
formed by bootstrapping. The inference space for model
comparison was CIMMYT spring wheat absent of major
genes effective against stem rust race TTKST, evaluated
for stem rust APR between 2007 and 2012, and identi-
fied as candidates for release to international partners, a
population of about 500 lines. The set of 365 individuals
from that population was randomly split into a training
set of 265 individuals and a validation set of 100 individu-
als. Then, for each iteration, bootstrapped samples of the
training set and validation sets were drawn. To simulate
the sampling variability of polymorphisms detected using
GBS, a sample of GBS markers of size 2694 (2/3 of the
total markers) was also drawn. This is equivalent to tak-
ing a bootstrap sample of markers and then only using
nonredundant markers for model fitting. Selection of non-
redundant markers is a common practice before GWAS
or GS. Using this sampled dataset, prediction accuracy
was measured using all prediction models except BCr and
BL, which were excluded to reduce computational burden.
This process was repeated for 1000 iterations. For a given
pair of models, the accuracy vectors were subtracted to
create a distribution of differences. A two-tailed p-value
was calculated by calculating the frequency of values
above or below 0, multiplied by two. Mean accuracies for
each model were also calculated.

The bootstrap t testing procedure for model
comparison relies on several assumptions. The first
assumption is that the sample of 275 individuals in the
training set and the sample of 100 individuals in the
validation set are representative of the population from

which they were originally sampled, which is met as

long as the samples are sufficiently large and selected
from the population at random. The second assumption
is that the observations, in our case deregressed genetic
values, are independent. Nonindependence can arise

if the values consist of repeated measurements on the
same individuals or if the data consists of clusters of
individuals more similar to each other than what would
be expected based on random sampling from the original
population. The third assumption is that the observations
are identically distributed, meaning that there are no
systematic trends in the mean or variance of the values.

Results

Phenotypic Data

Adult plant stem rust resistance was highly heritable, with
aline mean broad sense heritability of 0.82. The absence
of race-specific resistance genes effective against TTKST
in the set of 365 lines was confirmed with seedling phe-
notypes, which were all high infection types under nor-
mal temperatures. Variation in high infection types was
observed among the susceptible lines ranging from Stak-
man infection type “3” to “3+”. Under lower temperature
conditions, 15 of the lines had low infection types ranging
from “13” to “3+;”. The resistance genes conferring these
low infection types at the cool temperature treatment

are not known. The seedling phenotypes converted to a
numerical scale were weakly correlated with the genetic
values for APR, with correlations of 0.1 and 0.19 for the
normal and cool treatments, respectively. Both correla-
tions were significant, with p-values of 0.049 and 3 x10™*
for the normal and cool treatments, respectively.

Genome-Wide Association Analysis

Eight markers were associated with stem rust resistance
(Table 1). csSr2_ KASPar, explained 27% of the variation
in the genotypic values. Both ¢sSr2 and ¢sSr2_ KASPar
are tightly linked to Sr2 located on chromosome 3BS
(Mago et al., 2011). Two other markers associated with
stem rust resistance are known to be located on chro-
mosome 3BS based on the Synthetic x Opata genetic
map (Poland et al., 2012a). The remaining four associ-
ated markers have unknown map locations. Pairwise
associations between significant markers, measured in

Table 1. Markers significantly associated with adult
plant stem rust resistance.

Marker MAFt p-value Effet 2 Chromosome
esSt2_KASPar 029 338x107° 054 027 38S
sSi2 016 121 x10% 065 017 38S
GBS_13164 019 162x10¢ 06 015 -
GBS_11008 029 709 %10 049 0.08 38S
GBS_1863 020 101710 051 017 -
GBS_7565 030  119%10° 048 007 -
GBS_10286 012 283 x10° -061 008 -
GBS_20803 032 427 x10° 042 019 38S

TMinor allele frequency.
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Pairwise Marker Associations

- GBS 1765
- GBS 1863

©
]
N
=
A
%]
m
U]
|

— GBS_20803

~ GBS_11008
— csSr2_KASPar

— GBS 13164

— csSr2

GBS _13164 —
- @
csSr2 &
csSr2 KASPar —
©
GBS_11008 — S
GBS_1863 — -
o
GBS 20803 —
GBS_1765 - i
GBS 10286 —

Figure 2. Pairwise associations, measured in r?, between markers
significantly associated with adult plant stem rust resistance.

r? indicated that two markers of unknown map location
are associated, r* > 0.4, with markers known to be on
chromosome 3B (Fig. 2). The two remaining markers of
unknown location are not associated with each other or
other significant markers.

The marker relationship matrix shows several small
groups of closely related individuals, indicating family
structure (Fig. 3). Based on pedigree information, 147 of
the individuals were derived from 26 full-sib families.
Individuals derived from the same full-sib family were
found to group together based on the relationship matrix
(Fig. 3). Principal components analysis of the relationship
matrix also illustrated a similar pattern of family
relationships (Fig. 4); however, principal components one
and two explained only 14.4 and 2.9% of the variation,
respectively. Correcting for kinship during genome-
wide association was necessary to obtain uniformly
distributed p-values (Fig. 5). Further correcting for
population structure using principal components did not
improve uniformity of p-values.

Marker Relationship Matrix
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Figure 3. Heatmap of the marker relationship matrix illustrating family structure. Individuals derived from the same full-sib family share a

common symbol.
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Prediction Model Accuracies

The marker set containing all markers, both GBS and
gene targeted markers, always resulted in higher accura-
cies than the marker set containing only GBS markers
based on accuracies calculated using cross validation
(Table 2) and bootstrapping (Table 3). Among the GS
models, G-BLUP B and G-BLUP A lead to the high-

est cross validation prediction accuracies, followed by
G-BLUP T, BL, and BCr. Based on a bootstrap signifi-
cance testing procedure, probabilities that pairs of model
accuracies were different due to chance (p-values) for all
models, except BL and BCnt were estimated (Table 3). For
comparisons between G-BLUP B, and ordinary G-BLUP
or MLR models, p-values were always <0.15.

The markers that were selected in MLR A, and
G-BLUP A were csSr2_ KASPar, GBS_20803, ¢sSr2, and
GBS_1863 (Table 4). The map locations of GBS_20803 and
GBS_1863 are unknown. The markers selected by G-BLUP
B, the most accurate model, were ¢sSr2_KASPar and csSr2.
Differences in prediction model outcomes between pairs
of prediction models are shown by their Spearman’s rank
correlations between estimated breeding values from cross
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wide association comparing the p-value distribution to a uniform
null distribution.
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Figure 4. Principal components (PC) analysis of the marker relationship matrix. Individuals derived from the same full-sib family share a

common symbol.
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Table 2. Cross validation prediction accuracies
for adult plant stem rust resistance using different
prediction models and marker sets.

Prediction modelt Allmarkers  GBS* markers only

MLR A 0477 0446
MLR B 0.468 -

G-BLUP A 0.607 0.577
6-BLUP B 0.618 -

6-BLUP 0.568 0.563
BL 0.579 0.561
B(n 0.578 0.558
G-BLUPT 0.591 0.573

Table 4. Markers used as fixed effects in different
prediction models, their minor allele frequencies
(MAFs), and the frequency they appeared in the
models during cross-validation.!

Frequency selected as fixed effects

Marker MAF MIRA MLRB  G-BLUPA  G-BLUPB
csSr2_KASPar 0.29 1 1 1 1
sSr2 0.16 0.5 1 08 1
6BS_20803 0.31 0.9 - 0.6 -
cstV34 0.37 0 0.4 0 0
gwm533 0.34 0 0.2 0 0
GBS_1863 0.20 01 0 0 0

MLR A, multiple linear regression A, fixed effects selected among all markers;
MLR B, fixed effects selected among candidate gene linked markers; G-BLUP
A, genomic best linear unbiased prediction A, marker relationship matrix and
fixed effects selected among all markers; G-BLUP B, marker relationship
matrix and fixed effects selected among candidate gene linked markers; BL,
Bayesian Lasso; BCr, Bayes Cn; G-BLUP T, marker relationship matrix and
seedling phenotypes as fixed effects.

*Genotyping-by-sequencing.

validation for all pairs of models shown in Supplemental
Table S1. MLR B had the lowest correlations between all
other models followed by MLR A.

Discussion

Genetic Architecture

The association analysis results confirm the importance of
the Sr2 region, with the most significant Sr2 linked marker
explaining 27% of the variation. Out of eight significant
markers, only two markers did not appear to be at the Sr2
region. Sr2 linked markers have been reported by several
stem rust APR studies (Yu et al., 2011; Njau et al., 2012;
Singh et al., 2013). Interestingly, the most significant Sr2
linked marker was csSr2_ KASPar. This marker gave dif-
ferent results than the STS marker of ¢sSr2, which has been
reported to not be diagnostic for Sr2 in CIMMYT germ-
plasm (Mago et al., 2011). Our results suggest that csSr2_

MLR A, multiple linear regression A, fixed effects selected among all markers;
MLR B, fixed effects selected among candidate gene linked markers; G-BLUP
A, genomic best linear unbiased prediction A, marker relationship matrix and
fixed effects selected among all markers; G-BLUP B, marker relationship
matrix and fixed effects selected among candidate gene linked markers.

KASPar is capturing a different haplotype than the csSr2
STS marker. This may be due to restriction site polymor-
phism at the restriction enzyme cut site of the STS marker.
Marker gwm533, which is still used for Sr2 genotyping, was
not associated with resistance in this study, suggesting that
this marker should be discontinued for Sr2 genotyping. In
contrast with other studies (Dyck, 1987; Krattinger et al.,
2009; Singh et al., 2012), this study did not find Lr34 to be
associated with adult plant stem rust resistance. The fre-
quency of the L34 resistance allele was 0.36, thus the lack of
association between Lr34 and resistance was not due to low
minor allele frequency. In the association mapping study by
Yu et al. (2011), which used a similar set of germplasm and
environments, Lr34 was also not found to be significant;
however, several significant marker interactions with Lr34
were detected. Based on the inconsistencies in detection and
the reported marker interactions, the effect of Lr34 appears
to vary depending on the genetic background.

The relatively low number of QTLs that we detected
is due largely to the confounding of QTL effects with
family structure. Without correcting for population or

Table 3. Probabilities that pairs of model accuracies are not different based on bootstrapping.!

All markers

Model, accuracy  G-BLUP, 0.58 G-BLUP A, 0.54 G-BLUPT,0.57 MLRA,0.36 G-BLUP,0.59 G-BLUPA,0.63 G-BLUPB, 0.66 G-BLUPT,0.58 MLRA,0.51 MLRB,0.56

GBS markers only
6BS markers only
G-BLUP, 0.58 1 0.52 0.95 0.08
G-BLUP A, 0.54 0.52 1 0.84 01
G-BLUPT, 0.57 0.95 0.84 1 0.21
MLIRA, 0.36 0.08 01 0.21 1
All markers
G-BLUP, 0.59 0.69 043 0.89 0.08
G-BLUP A, 0.63 0.39 0.4 0.65 0.02
G-BLUP B, 0.66 012 0.07 047 0.01
G-BLUPT, 0.58 0.99 0.79 0.84 0.18
MR A, 0.51 0.57 0.82 0.72 0.15
MLRB, 0.56 0.79 09 0.88 0.08

0.69 0.39 012 0.99 0.57 0.79
043 0.4 0.07 0.79 0.82 09
0.89 0.65 047 0.84 0.72 0.88
0.08 0.02 0.01 0.18 0.15 0.08
1 0.44 015 091 0.51 0.67
0.44 1 0.62 0.68 0.15 0.34
0.15 0.62 1 0.5 0.09 012
091 0.68 0.5 1 0.68 0.84
0.51 015 0.09 0.68 1 0.75
0.67 0.34 0.12 0.84 0.75 1

TG-BLUP A, genomic best linear unbiased prediction A, marker relationship matrix and fixed effects selected among all markers; G-BLUP T, marker relationship matrix
and seedling phenotypes as fixed effects; MLR A, multiple linear regression A, fixed effects selected among all markers; G-BLUP B, marker relationship matrix and
fixed effects selected among candidate gene linked markers; MLR B, multiple linear regression B, fixed effects selected among candidate gene linked markers.
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family structure, 138 markers exceed the significance
threshold, and the p-values do not follow a uniform
distribution, indicating many spurious associations.
Confounding of marker effects with family structure
is not a problem for GS because GS capitalizes on
relationship information to predict breeding values.

Prediction Models

A G-BLUP model including Sr2 linked markers as fixed
effects was the most accurate model tested, and the prob-
ability that this model was different from MLR with Sr2
linked markers alone and G-BLUP with GBS markers only
was 0.12 and 0.15, respectively. These results suggest that GS
based on G-BLUP with Sr2 linked markers as fixed effects
would lead to the greatest genetic gain if GS was imposed
on the specific dataset used in this study. However, if GS
were to be applied on a new sample of individuals, there is
some probability that the outcomes of GS using G-BLUP
with GBS markers only, or MLR using Sr2 linked markers
only would be just as favorable as the outcomes of GS using
G-BLUP with Sr2 linked markers as fixed effects.

Our finding that modeling selected markers as fixed
effects in G-BLUP leads to improved accuracy over
standard G-BLUP agrees with a recent simulation study
(Bernardo, 2013) which found modeling a large-effect
locus as fixed to be advantageous when heritability of the
trait was >0.5 and the proportion of the genetic variance
explained by the locus was >0.25. It is important to
emphasize that, in this study, the markers selected as
fixed effects were not assumed to be causative loci, thus
variable selection and fixed effect estimation should
occur each time the prediction model is trained.

The correlation between low temperature seedling and
adult plant phenotypes was interesting, but not sufficient
to be useful in combination with GS in the germplasm
tested. Using the seedling data as fixed effects in G-BLUP
did not consistently improve the prediction accuracy.
Seedling data could be more predictive in another set of
germplasm. On the other hand, if the level of APR can be
explained well by seedling infection types, the resistance
may be mostly qualitative, due to single race-specific
genes. Thus, it may not be desirable to use this information
source even if it is predictive of adult-stage resistance.

If we assume that two cycles of GS can be completed
for every one cycle of phenotypic selection, and all other
factors remain constant, then gain from selection from
GS will exceed the gain from phenotypic selection when
(GS accuracy x 2) is greater than the phenotypic selection
accuracy. The GS accuracies we achieved in this study are
sufficiently high to achieve greater gain from selection per
unit time compared with phenotypic selection. Phenotypic
selection accuracy, estimated as \)7% ,was 0.9, and (GS
accuracy X 2) was 1.12. The GS accuracies we observed
were similar to those observed in a GS study that evaluated
prediction accuracies for stem rust resistance in biparental
populations (Ornella et al., 2012), however the results are
difficult to compare due to different training population sizes.

Conclusions

This study indicates that GS would be an effective breed-
ing method for quantitative stem rust resistance despite
the fact that the trait is highly heritable and is conferred in
part by large-effect loci. Although one of the advantages of
GS is that prior knowledge about loci affecting the trait is
not needed, we found that in this dataset using prior infor-
mation to selectively genotype markers at loci previously
found to have a moderately large effect on the trait enabled
us to achieve higher prediction accuracies especially when
using models which treat large-effect loci as fixed effects.
To ensure the best results from GS, markers linked to large
to moderate effect genes or loci previously found to affect
the traits of interest should be included in the genotypic
data as long as doing so does not delay selection or incur
excessive costs. Using cross-validation within the train-
ing data, one can then decide if these loci-specific markers
should be modeled as fixed effects. Although the alleles at
known loci may be different from those of the population
where the loci were detected, they may still be important
regions that should be tagged with markers. As more genes
are mapped and cloned in wheat for various traits, the
effect of utilizing gene information for genomic prediction
of other traits in wheat can be further studied.

Supplemental Information Available

Supplemental material is included with this article.
Supplemental Table S1. Deregressed genetic values
for stem rust adult plant resistance.
Supplemental Table S2. Seedling phenotype scores.
Supplemental Table S3. Genotyping-by-by sequenc-
ing data and gene targeted genotypic data.

Acknowledgments

This research was funded by The Bill and Melinda Gates Foundation
(Durable Rust Resistance in Wheat) and the United States Department of
Agriculture-Agricultural Research Service (USDA-ARS) (Appropriation
No. 5430-21000-006-00D). Partial support for J. Rutkoski was provided
by a USDA National Needs Fellowship Grant #2008- 38420-04755 and

an American Society of Plant Biology (ASPB)-Pioneer Hi-Bred Graduate
Student Fellowship. Loci targeted genotyping was provided by the Eastern
Regional Small Grains Genotyping Laboratory, Raleigh, North Carolina.
Statistical advice was provided by the Cornell Statistical Consulting Unit.
Mention of trade names or commercial products in this publication is
solely for the purpose of providing specific information and does not
imply recommendation or endorsement by the USDA. USDA is an equal
opportunity provider and employer.

References

Bates, D., and M. Maechler. 2010. Ime4: Linear mixed-effects models using S4
classes. Available at http://cran.r-project.org/package=lme4 (accessed 7
Feb. 2014, verified 2 June 2014).

Bernardo, R. 1994. Prediction of maize single-cross performance using RFLPs
and information from related hybrids. Crop Sci. 34:20-25. doi:10.2135/
cropscil994.0011183X003400010003x

Bernardo, R. 2013. Genomewide selection when major genes are known. Crop
Sci. 54:68-75. doi:10.2135/cropsci2013.05.0315

Box, G.E., and D.R. Cox. 1964. An analysis of transformations. J. R. Stat. Soc.
B 26(2):211-252.

Carlson, C.S., M.A. Eberle, M.]. Rieder, Q. Yi, L. Kruglyak, and D.A.
Nickerson. 2004. Selecting a maximally informative set of single-
nucleotide polymorphisms for association analyses using linkage
disequilibrium. Am. J. Hum. Genet. 74:106-120. doi:10.1086/381000

RUTKOSKI ET AL.: GENOMIC SELECTION FOR QUANTITATIVE RESISTANCE

9 ofF 10



Churchill G., and R.W. Doerge. 1994. Empirical threshold values for
quantitative trait mapping. Genetics 138:963-971.

de los Campos, G., and P. Perez Rodriguez. 2010. BLR: Bayesian linear
regression. Available at http://cran.r-project.org/package=BLR (accessed
7 Feb. 2014, verified 2 June 2014).

Dyck, P.L. 1987. The association of a gene for leaf rust resistance with the
chromosome 7D suppressor of stem rust resistance in common wheat.
Genome 29:1986-1988.

Elshire, R.J., J.C. Glaubitz, Q. Sun, J.A. Poland, K. Kawamoto, E.S. Buckler, and
S.E. Mitchell. 2011. A robust, simple genotyping-by-sequencing (GBS)
approach for high diversity species. PLoS One 6(5):E19379.

Endelman, J. 2011. Ridge regression and other kernels for genomic
selection with R package rrBLUP. Plant Gen. 4:250-255. doi:10.3835/
plantgenome2011.08.0024

Fraley, C., and A.E. Raftery. 2002. Model-based clustering, discriminant
analysis, and density estimation. J. Am. Stat. Assoc. 97(458):611-631.
doi:10.1198/016214502760047131

Fraley, C., A.E. Raftery, T.B. Murphy, and L. Scrucca. 2012. mclust version 4 for R:
Normal mixture modeling for model-based clustering, classification, and
density estimation. Avaliable at http://www.stat.washington.edu/research/
reports/2012/tr597.pdf (accessed 7 Feb. 2014, verified 2 June 2014).

Garrick, D.J., J.E. Taylor, and R.L. Fernando. 2009. Deregressing estimated
breeding values and weighting information for genomic regression
analyses. Genet. Sel. Evol. 41:55. doi:10.1186/1297-9686-41-55

Habier, D., R.L. Fernando, K. Kizilkaya, and D.J. Garrick. 2011. Extension of
the bayesian alphabet for genomic selection. BMC Bioinformatics 12:186.
doi:10.1186/1471-2105-12-186

Hallauer, A.R., M.J. Carena, and J.B. Miranda Filho. 2010. Quantitative
genetics in maize breeding. Iowa State Univ. Press, Ames.

Heffner, E.L., M.E. Sorrells, and J.-L. Jannink. 2009. Genomic selection for
crop improvement. Crop Sci. 49:1-12. doi:10.2135/cropsci2008.08.0512

Jin, Y., R.P. Singh, R W. Ward, R. Wanyera, M. Kinyua, P. Njau, T. Fetch, Z.A.
Pretorius, and A. Yahyaoui. 2007. Characterization of seedling infection
types and adult plant infection responses of monogenic Sr gene lines to race
TTKS of Puccinia graminis f. sp. tritici. 91(9):1096-1099.

Kang, H.M,, ].H. Sul, S.K. Service, N.A. Zaitlen, S. Kong, N.B. Freimer, C. Sabatti,
and E. Eskin. 2010. Variance component model to account for sample
structure in genome-wide association studies. Nat. Publ. Gr. 42:348-354.

Krattinger, S.G., E.S. Lagudah, W. Spielmeyer, R.P. Singh, J. Huerta-Espino, H.
McFadden, E. Bossolini, L.L. Selter, and B. Keller. 2009. A putative ABC
transporter confers durable resistance to multiple fungal pathogens in
wheat. Science 323(5919):1360-1363. doi:10.1126/science.1166453

Lagudah, E.S., S.G. Krattinger, S. Herrera-Foessel, R.P. Singh, J. Huerta-
Espino, W. Spielmeyer, G. Brown-Guedira, L.L. Selter, and B. Keller.
2009. Gene-specific markers for the wheat gene Lr34Yr18/Pm38/which
confers resistance to multiple fungal pathogens. Theor. Appl. Genet.
119:889-898. d0i:10.1007/s00122-009-1097-2z

Lagudah, E.S., H. McFadden, R.P. Singh, J. Huerta-Espino, H.S. Bariana, and
W. Spielmeyer. 2006. Molecular genetic characterization of the Lr34/
Yr18 slow rusting resistance gene region in wheat. Theor. Appl. Genet.
114:21-30. doi:10.1007/s00122-006-0406-z

Lipka, A.E., F. Tian, Q. Wang, J. Peiffer, M. Li, P.J. Bradbury, M.A. Gore,

E.S. Buckler, and Z. Zhang. 2012. GAPIT: Genome association and
prediction integrated tool. Bioinformatics 28:2397-2399. doi:10.1093/
bioinformatics/bts444

Lorenz, A.J., S. Chao, F.G. Asoro, E.L. Heffner, T. Hayashi, H. Iwata, K.P.
Smith, M.E. Sorrells, and J. Jannink. 2011. Genomic selection in
plant breeding: Knowledge and prospects. Adv. Agron. 110:77-123.
doi:10.1016/B978-0-12-385531-2.00002-5

Mago, R., G. Brown-Guedira, S. Dreisigacker, J. Breen, Y. Jin, R. Singh, R.
Appels, E.S. Lagudah, J. Ellis, and W. Spielmeyer. 2011. An accurate
DNA marker assay for stem rust resistance gene Sr2 in wheat. Theor.
Appl. Genet. 122:735-744. d0i:10.1007/s00122-010-1482-7

Meuwissen, T.H.E., B.J. Hayes, and M.E. Goddard. 2001. Prediction of total genetic
value using genome-wide dense marker maps. Genetics 157:1819-1829.

Njau, P.N,, S. Bhavani, J. Huerta-Espino, B. Keller, and R.P. Singh. 2012.
Identification of QTL associated with durable adult plant resistance to
stem rust race Ug99 in wheat cultivar “Pavon 76.”. Euphytica 190:33-44.
doi:10.1007/s10681-012-0763-4

Ornella, L., S. Singh, P. Perez, ]. Burguefio, R. Singh, E. Tapia, S. Bhavani, S.
Dreisigacker, H.-J. Braun, K. Mathews, and J. Crossa. 2012. Genomic
prediction of genetic values for resistance to wheat rusts. Plant Gen.
5:136-148. doi:10.3835/plantgenome2012.07.0017

Park, R.F. 2007. Stem rust of wheat in Australia. Aust. J. Agric. Res. 58:558-
566. doi:10.1071/AR07117

Park, T., and G. Casella. 2008. The Bayesian Lasso. ]. Am. Stat. Assoc.
103(482):681-686. d0i:10.1198/016214508000000337

Parlevliet, J.E. 2002. Durability of resistance against fungal, bacterial
and viral pathogens; present situation. Euphytica 124:147-156.
doi:10.1023/A:1015601731446

Pérez, P., G.D.L. Campos, J. Crossa, D. Gianola, and G. de los Campos. 2010.
Genomic-enabled prediction based on molecular markers and pedigree
using the Bayesian linear regression package in R. Plant Gen. 3:106-116.
doi:10.3835/plantgenome2010.04.0005

Peterson, R.F., A.B. Campbell, and A.E. Hannah. 1948. A diagrammatic scale
for estimating rust intensity on leaves and stems of cereals. Can. J. Res.
26¢(5):496-500. doi:10.1139/cjr48c-033

Piepho, H.P. 2009. Ridge regression and extensions for genomewide selection in
maize. Crop Sci. 49:1165-1176. doi:10.2135/cropsci2008.10.0595

Poland, J.A., P.J. Brown, M.E. Sorrells, and J.-L. Jannink. 2012a. Development
of high-density genetic maps for barley and wheat using a novel two-
enzyme genotyping-by-sequencing approach. PLoS ONE 7(2):e32253.
doi:10.1371/journal.pone.0032253

Poland, J., J. Endelman, J. Dawson, J. Rutkoski, S. Wu, Y. Manes, S.
Dreisigacker, J. Crossa, H. Sdnchez-Villeda, M. Sorrells, and
J.-L. Jannink. 2012b. Genomic selection in wheat breeding using
genotyping-by-sequencing. Plant Gen. 5:103-113. d0i:10.3835/
plantgenome2012.06.0006

Pretorius, Z.A., R.P. Singh, W.W. Wagoire, and T.S. Payne. 2000. Detection
of virulence to wheat stem rust resistance gene Sr31 in Puccinia
graminis. f. sp. tritici in Uganda. Plant Dis. 84(2):203. doi:10.1094/
PDIS.2000.84.2.203B

R Development Core Team. 2010. R: A Language and environment for
statistical computing. Available at http://www.r-project.org/ (accessed
7 Feb. 2014, verified 2 June 2014).

Rutkoski, J.E., J. Poland, J.-L. Jannink, and M.E. Sorrells. 2013. Imputation of
unordered markers and the impact on genomic selection accuracy. G3:
Genes Genomes Genet. 3(3):427-439. doi:10.1534/g3.112.005363

Singh, R.P,, S. Herrera-Foessel, ]. Huerta-Espino, H. Bariana, U. Bansal, B.
Mccallum, C. Hiebert, S. Bhavani, S. Singh, C. Lan, and E. Lagudah. 2012.
Lr34/Yr18/Sr57/Pm38/Bdvl/Ltnl Confers slow rusting, adult plant resistance
to Puccinia graminis tritici. In: W.-Q. Chen, editor, Proc. of the 13th Int. Cereal
Rusts and Powdery Mildews Conf., Beijing, China. 28 Aug.—1 Sept. 2012,
China Agricultural Science and Technology Press, Beijing.

Singh, R.P.,, D.P. Hodson, Y. Jin, J. Huerta-Espino, M.G. Kinyua, R. Wanyera,
P. Njau, and R.W. Ward. 2006. Current status, likely migration and
strategies to mitigate the threat to wheat production from race Ug99
(TTKS) of stem rust pathogen. CAB Rev. 1(54):1-13.

Singh, S., R.P. Singh, S. Bhavani, J. Huerta-Espino, and E.E. Lopez-Vera. 2013.
QTL mapping of slow-rusting, adult plant resistance to race Ug99 of
stem rust fungus in PBW343/Muu RIL population. Theor. Appl. Genet.
126:1367-1375. d0i:10.1007/s00122-013-2058-0

Spielmeyer, W., PJ. Sharp, and E.S. Lagudah. 2003. Identification and validation
of markers linked to broad-apectrum stem rust resistance gene Sr2 in wheat
(Triticum aestivum L.). Crit. Rev. Plant Sci. 43:333-336.

Stakman, E.C., D.M. Steward, and W.Q. Loegering. 1962. Identification of
physiologic races of Puccinia graminis var. tritici. U.S. Dep. Agric. Res.
Serv. E-617.

Sunderwirth, S.D., and A.P. Roelfs. 1980. Greenhouse evaluation of the adult-
plant resistance of Sr2 to wheat-stem rust. Phytopathology 70:634-637.
doi:10.1094/Phyto-70-634

VanRaden, P.M. 2008. Efficient methods to compute genomic predictions. J.
Dairy Sci. 91:4414-4423. d0i:10.3168/jds.2007-0980

Yu, L.-X., A. Lorenz, J. Rutkoski, R.P. Singh, S. Bhavani, J. Huerta-Espino, and
M.E. Sorrells. 2011. Association mapping and gene-gene interaction for stem
rust resistance in CIMMY T spring wheat germplasm. Theor. Appl. Genet.
123:1257-1268. doi:10.1007/s00122-011-1664-y

Yu, J., G. Pressoir, W.H. Briggs, I. Vroh Bi, M. Yamasaki, J.F. Doebley, M.D.
McMullen, B.S. Gaut, D.M. Nielsen, ].B. Holland, S. Kresovich, and E.S.
Buckler. 2006. A unified mixed-model method for association mapping
that accounts for multiple levels of relatedness. Nat. Genet. 38:203-208.
doi:10.1038/ng1702

Zhang, D., R. Bowden, and G. Bai. 2011. A method to linearize Stakman infection
type ratings for statistical analysis. In: Borlaug Global Rust Initiative 2011

Technical Workshop, 13-16 June, Saint Paul, MN. p. 170.

10 oF 10

THE PLANT GENOME ® NOVEMBER 2014 m VOL. 7, NO. 3



